The number of interactions, or connectivity, among proteins in the yeast protein interaction network follows a power law. I compare patterns of connectivity for subsets of yeast proteins associated with senescence and with five other traits. I find that proteins associated with ageing have significantly higher connectivity than expected by chance, a pattern not seen for most other datasets. The pattern holds even when controlling for other factors also associated with connectivity, such as localization of protein expression within the cell. I suggest that these observations are consistent with the antagonistic pleiotropy theory for the evolution of senescence. In further support of this argument, I find that a protein's connectivity is positively correlated with the number of traits it influences or its degree of pleiotropy, and further show that the average degree of pleiotropy is greatest for proteins associated with senescence. I explain these results with a simple mathematical model combining assumptions of the antagonistic pleiotropy theory for the evolution of senescence with data on network topology. These findings integrate molecular and evolutionary models of senescence, and should aid in the search for new ageing genes.
INTRODUCTION
Over the past half-century, evolutionary biologists have developed powerful explanatory models for why we age (Medawar 1952; Williams 1957) and have been relatively successful in predicting age-specific patterns of genetic variation for fitness traits (Rose & Charlesworth 1980; Hughes 1995; Charlesworth 2001 ). However, evolutionary theory has been less successful in predicting the specific classes of genes that should be associated with the ageing process. Theory suggests that senescence should be affected by very many genes with relatively small effects (but see Kowald & Kirkwood 1996) , and that genes involved in senescence should not necessarily be similar across taxa (Rose 1991) . In contrast with these evolutionary arguments, molecular geneticists have successfully identified a few genes and gene pathways that, when mutated, lead to dramatic increases in longevity (Lithgow et al. 1995; Hekimi & Guarente 2003; Tatar et al. 2003) and have shown that some of these pathways influence longevity across a taxonomically diverse range of model organisms, including yeast, worms, flies and mice Hekimi & Guarente 2003) .
Until now, genetic studies of senescence have focused primarily on the search for single genes or relatively simple gene pathways. However, recent work is beginning to uncover gene networks associated with senescence (Murphy et al. 2003) , and some studies have shown that gene and protein interaction networks can be used to explain detailed patterns of complex traits. For example, networks have been used to predict the developmental patterns of segment polarity in Drosophila (von Dassow et al. 2000; Albert & Othmer 2003) and tooth morphology in mammals (Salazar-Ciudad & Jernvall 2002) .
In the past few years, researchers have put significant effort into defining the large-scale structure of these biological networks, especially in the yeast Saccharomyces cerevisiae ( Jeong et al. 2001) . The structure of the yeast protein-protein interaction network can be described in part by its 'degree distribution ', p(k) , where k, the protein's 'connectivity', is the number of proteins with which each protein interacts. Connectivity for yeast protein networks and many other networks (Albert & Barabási 2002) , is well described by a power law with an exponential term truncating the right-hand side of the distribution,
Ϫk/k c, (1.1) where ␥ is the characteristic exponent, k c is the exponential cut-off parameter and C is a normalizing constant. In these networks, also known as 'scale-free' networks (Albert & Barabási 2002) , most nodes are weakly connected, interacting with only one or two other nodes, whereas a few nodes are highly connected, with tens or even hundreds of interactions (Jeong et al. 2001; Albert & Barabási 2002) . Studies have shown that the overall structure of scale-free networks makes them resistant to random damage (Albert et al. 2000; Wagner 2000) and that network structure can be used to predict biological function (von Dassow et al. 2000; Stelling et al. 2002) . If we think about senescence as the gradual failure not simply of individual biological components, but rather of complex networks, then studies on the structure and function of networks may provide a useful framework to understand the genetic basis of senescence (Kowald & Kirkwood 1996) . Here, I analyse the yeast protein-protein interaction network to determine if genes associated with senescence are a non-random sample of all genes in terms of connectivity. I then ask whether the observed patterns of molecular interactions are consistent with Williams's classic antagonistic pleiotropy theory for the evolution of senescence (Williams 1957) . The antagonistic pleiotropy theory posits that senescence evolves because at least some early-acting beneficial alleles favoured by selection will have deleterious pleiotropic effects late in life, leading to an inevitable decline in late-age fitness. With this model in mind, I hypothesize that if more highly connected proteins are more pleiotropic, these proteins will be most likely to evolve an association with senescence. I argue that an analysis of protein networks may enable us to better integrate evolutionary theories of senescence with molecular data, eventually leading to a predictive model for ageing genes.
MATERIAL AND METHODS

(a) Data
I obtained data on the number of protein interactions (k) for each of 3575 proteins within the yeast protein-protein interaction network from Fraser et al. (2002) . This dataset, which represents over 60% of the yeast genome (Cliften et al. 2003) , included a total of 13 231 pairwise interactions, excluding 538 self-protein interactions. I used these data to determine average connectivity for proteins associated with six quantitative traits in S. cerevisiae for which I was able to obtain lists of known mutants. These traits included replicative senescence (Kaeberlein et al. 2002) , the cell cycle (Stevenson et al. 2001) , reduced cell size (whi mutants) (Jorgensen et al. 2002) , ultraviolet (UV) radiation sensitivity (Birrell et al. 2001) , salt tolerance (de Jesus Ferreira et al. 2001) and DNA silencing (Smith et al. 1999) . The last four traits are independent of senescence, although cell cycle is functionally related to senescence (Gershon & Gershon 2000) , and so may show similar patterns (see Appendix A for a full list of genes). Where a protein in a trait dataset was not found in the full dataset of 3575 proteins, it was excluded from all further analysis.
My first aim was to determine if the distribution of connectivity for any of the six traits examined was significantly different from that of the full dataset. A simple model (see § 2b) predicts that proteins associated with senescence should have a higher mean and a lower variance for ln-transformed values of k. I first calculated the mean and variance for ln-transformed values of k (kЈ and 2 kЈ , respectively) for the known yeast protein-protein interaction network (Fraser et al. 2002) , and then used the same k-values to determine the mean and variance of ln(k) for each of the six traits. Values of k were log-transformed to better approximate normality.
In addition to values of k, I also determined the degree of pleiotropy for each protein using the online database at the Munich Information Center for Protein Sequences (MIPS) (see http://mips.gsf.de). I defined the degree of pleiotropy for each of the 3575 proteins in the network database as the number of functional classifications (e.g. nucleotide metabolism, signal transduction, stress response, etc.) listed in the 'FunCat' category of the MIPS database. In all, 2611 proteins had both kvalues and a functional classification number equal to or greater than 1. To test for a significant relationship between these two parameters, I used linear regression on log-transformed values of k and degree of pleiotropy in Jmp v. 5.0 (SAS Institute 1995).
Proteins involved in nuclear processes tend to have higher connectivity than those which are active outside of the nucleus (supplementary material in Yu et al. (2004) ). Thus, proteins associated with senescence may have relatively high connectivity if they occur preferentially inside the nucleus. To test this possibility, I analysed 2774 proteins for which I had information on protein localization (Huh et al. 2003) and connectivity. I controlled for the effects of localization by comparing k in ageingrelated proteins and all other proteins found within the nucleus, and for proteins not found in the nucleus.
(b) Model and statistical inference I developed a model to analyse these data in the framework of the antagonistic pleiotropy theory for the evolution of senescence (Williams 1957 ). Williams's model assumes that genes exist with early-acting beneficial effects and late-acting deleterious effects. Thus, we expect that the greater the degree of pleiotropy a gene has, the more likely that it evolves to influence senescence. A more pleiotropic gene is simply more likely to meet Williams's criterion, exhibiting trade-offs between earlylife and late-life characteristics.
The model is based on two assumptions. First, I assume that in any mutagenesis search for genes related to senescence, genes are sampled at random in terms of the connectedness (k) of their protein product, distributed as p(k) (equation (1.1)). Second, I assume that proteins that interact with many other proteins at a molecular level (i.e. high k-values) are more likely to exhibit pleiotropic effects (Price & Schluter 1991) . A test of this second assumption is provided below.
To test the hypothesis that the probability that a protein affects a particular trait increases with the protein's connectivity, I first assume that the relative probability that a protein influences ageing increases with connectivity according to a sigmoidal function,
In equation (2.1), i is the inflection point of the curve and s is the slope of (k = i ). The sigmoidal function has the desirable characteristics that it is monotonic and bounded by 0 and 1. The expected frequency distribution of connectivity, f(k), among proteins that influence the trait of interest is thus given by the product of equations (1.1) and (2.1),
where C 2 is a normalization constant. If more highly connected proteins are more likely to be associated with senescence, then when we fit the distribution of connectivity for proteins associated with senescence to the model in equation (2.2), we should observe that the slope, s Ͼ 0, and the inflection point, i у 1.
For scale-free networks, the relationship between the mean and variance of ln(k) is positive and linear (data not shown), and the distribution of k is highly right-skewed. Numerical analysis of equation (2.2) reveals that for most of the parameter space in this model, if connectivity increases the likelihood that a gene is associated with a given trait, then the mean ln(k) for that trait will be greater and the variance lower compared with the full dataset (figure 1). This provides an explicit testable hypothesis for these datasets.
To determine if mean and variance for log-transformed values of k for a particular trait dataset of N proteins were significantly different from those expected by chance, I used a randomization procedure (Manly 1997) . I sampled with replacement N proteins from the full dataset of 3575 proteins and calculated the mean and variance for ln(k) among the resampled dataset. I repeated this sampling procedure 15 000 times for each trait. I then determined whether the observed trait mean and variance for ln(k) was significantly different from the random samples. To correct for the positive mean-variance correlation between kЈ and 2 kЈ , I determined the probability by calculating the ␤% confidence ellipse for the randomized data at which the observed data point intersected, with P = 1Ϫ␤/100. At the same time, we can determine directly if s Ͼ 0 by fitting equation (2.2) to each dataset. This fitting procedure consists of a two-part process. First, I determine the values of k c and ␥ by fitting equation (1.1) to the entire dataset of 3575 proteins using maximum-likelihood estimation (MLE). I assume that the subsets of data have the same underlying values of k c and ␥ as the full dataset. In the second step, I apply these predetermined values of k c and ␥ to equation (2.2), and use MLE to determine the values of the slope and inflection point, s and i, respectively.
If connectivity influences the probability that a protein influences a particular trait, then we should find that incorporating (k) into equation (2.2) provides a significantly improved fit to the distribution of k in the trait of interest compared with equation (1.1) alone. To determine if s and i improved the fit significantly, I compared the two models in equations (1.1) and (2.2) using a likelihood ratio test. Under the likelihood ratio test, To illustrate the patterns graphically, I determined the joint 50%, 75% and 95% confidence intervals (CI) for s and i numerically for each trait. This was done by calculating the values of s and i for which ⌬LL was equal to 
RESULTS
In comparison with random samples of proteins, those proteins associated with senescence had a higher kЈ and lower 2 kЈ (n = 38, p = 0.000 03; figure 2; table 1). Among the other five traits, the four traits that are independent of senescence did not show this pattern. Proteins associated with the cell cycle, which is very closely associated biologically with replicative senescence (Gershon & Gershon 2000) , showed a relatively high connectivity (p Ͻ 0.000 01; table 1). All other traits had values of kЈ and 2 kЈ that were not significantly different from random expectation ( p Ͼ 0.1 in all cases; table 1).
The significantly higher mean and lower variance for ln(k) observed in proteins associated with senescence is unlikely to be a result of one or two outliers with very high k. We see a notable deficit of proteins with k = 1 or k = 2 in the senescence dataset (figure 3). In the full yeast dataset for 3575 proteins, 1557 (43.6%) have one or two interactions. In the dataset for genes associated with senescence, only five out of 38 (13.2%) have one or two interactions ( 2 Table 1 . Parameter estimates for protein datasets. (The first p-value '(random)' is the probability of observing a mean and variance of ln(k) (kЈ and 2 kЈ , respectively) for a given trait, based on a randomization test. The second p-value '(LL)' is based on a likelihood ratio test to determine whether the probability that a randomly chosen protein is associated with a trait of interest increases with its connectivity (i.e. if the slope, s, of the function (k) is significantly greater than zero). The dataset for proteins associated with ageing was divided into mutations that have been shown to extend longevity ('slow ageing') and those that have decreased longevity ('fast ageing').) proteins; 2 1 = 11.45, p = 0.0007). The other traits, however, do not show a significant deficit of proteins with k Ͻ 3 (cell size: 5 out of 16; UV sensitivity: 9 out of 30; DNA silencing: 2 out of 10; salt tolerance: 10 out of 26; p Ͼ 0.1 in all cases).
The 38 genes associated with senescence were identified in numerous laboratories. If the analysis is limited to 22 genes that have been identified in a single laboratory (that of L. Guarente), we still find that kЈ is significantly higher than expected (15 000 randomizations, p = 0.001).
Fitting the full protein-protein interaction network to equation ( a protein is associated with a trait, then we should see a significant effect of (k) in the model. For proteins associated with senescence, adding (k) into the simpler p(k) model explained a significant amount of the variation (likelihood ratio test: 2 2 = 18.66, p = 0.000 089; table 1; figure 2). Similarly, (k) was highly significant for the cell cycle mutants ( 2 2 = 17.1, p = 0.000 19). None of the other traits examined showed a significant effect of (k) (table 1).
This pattern is further illustrated by determining whether the slope, s, of (k) versus k is greater than zero. Figure 4 shows the joint MLE for slope s and the inflection point i. 50%, 75% and 95% CI are also plotted to illustrate the landscape surface for the joint estimates of s and i. Note that in figure 4, s Ͼ 0 at the 95% confidence level for replicative senescence and cell cycle but for no other trait, implying that the probability that a protein is associated with ageing or cell cycle increases with its connectivity.
A key assumption underlying the model is that connectivity is related to pleiotropy. In strong support of this assumption, I found a highly significant positive correlation between connectivity and pleiotropy across 2611 proteins (F 1,2609 = 119.6, p = 3.02 × 10 Ϫ27 ), albeit with a substantial amount of scatter (r 2 = 0.043; figure 5 ). In addition, I found that, similar to the results for connectivity, genes associated with senescence had a higher than expected degree of pleiotropy (t 2647 = 5.645, p Ͻ 0.0001; figure 6 ).
Consistent with a previous study (Yu et al. 2004) , proteins found within the nucleus had a significantly higher average connectivity (1.579 ± 0.035, ln(k) ± s.e.m.) than non-nuclear proteins (1.251 ± 0.029; t 2772 = 63.74, p Ͻ 0.0001). Using the MLE model described above, among proteins found inside the nucleus, those associated with ageing showed a significantly higher connectivity (2.086 ± 0.217), compared with all nuclear proteins (s = 4.477, 2 2 = 13.12, p[s Ͼ 0] = 0.0014). Similarly, average connectivity among non-nuclear proteins (1.867 ± 0.298) was higher than all non-nuclear proteins, although the effect was marginally non-significant with a two-tailed probability (s = 0.063, For a given trait, if s is significantly greater than zero, then the probability that a randomly chosen protein is associated with that trait increases with connectivity. The figures show the maximum-likelihood estimates for s and i (marked with an open circle) and the 50% (blue), 75% (gold) and 95% (red) confidence ellipses. Note that for proteins associated with replicative senescence and cell cycle, the 95% confidence ellipse supports an estimate of s Ͼ 0. In none of the other four traits shown is s estimated to be greater than zero at the 95% confidence level.
DISCUSSION
I have shown here that proteins associated with senescence interact with significantly more other proteins than expected by chance. I propose several possible mechanisms that might account for this finding.
First, the pattern I observed is consistent with the antagonistic pleiotropy theory of senescence (Williams 1957) . According to Williams's theory, senescence evolves because genes with deleterious effects on fitness late in life spread owing to their beneficial (i.e. antagonistic pleiotropic) effects at earlier ages. I suggest here that the more pleiotropic effects a gene has, then simply by chance the more likely it is that some of these effects will be found at different ages, Proc. R. Soc. Lond. B (2004) and will be of opposite sign in their effects on fitness. I assumed here that connectivity was a surrogate for pleiotropy, and indeed, I found that proteins with relatively high connectivity tended to have a higher degree of pleiotropy than expected, and that the average degree of pleiotropy was highest among proteins associated with senescence.
This argument assumes that the highly pleiotropic mutants that have been shown to extend longevity reduce other fitness traits. Although few studies have looked specifically for genes with antagonistic pleiotropic effects in yeast, there is evidence that such genes exist. For example, sch9 mutants have a threefold increase in lifespan, but grow at a slower rate and produce smaller colonies (Longo & Finch 2003) . Although the results described here are consistent with the antagonistic pleiotropy theory of ageing, other mechanisms could also account for the high connectivity among ageing genes. For example, the probability that a null mutation in yeast is lethal increases with the connectivity of the protein that is knocked out (Jeong et al. 2001) . More generally, the phenotypic effect of a mutant may increase with its connectivity. If mutations with weak phenotypic effects are hard to detect, then mutagenesis assays could be biased towards proteins that are most highly connected. This bias may depend, however, on the accuracy with which traits can be measured. Some traits, such as cell size, can be measured with a high degree of accuracy. In this case, we should be able to identify mutants even if they have relatively small effects. By contrast, longevity is a difficult trait to measure, and is highly variable even within isogenic populations (Khazaeli et al. 1998) . Thus, it may be especially hard to detect genes with small effects on longevity.
Weakly connected proteins may have only a small effect on longevity, but the scale-free distribution of protein interactions (figure 3) means that these proteins are the most common. In addition, the broad distribution of connectivities may further magnify the potential difference in mutational effects among proteins. Although recent molecular studies suggest that senescence is influenced by a few genes with large effect, we may inadvertently miss many weakly connected genes with small phenotypic effects. These genes may turn out to be important for senescence when combined with one another in larger numbers. In addition, they may influence senescence by acting as modifiers of genes with major effects. Studies have demonstrated that such epistatic interactions can be an important factor in the genetic architecture of lifespan (Leips & Mackay 2002; Spencer et al. 2003) . Proteins with high connectivity may affect ageing if they have a disproportionate number of epistatic interactions with other proteins, which appears to be true for yeast (Tong et al. 2004) . Weakly connected proteins, whose effects may be difficult to detect, may be identified not by testing for their direct effects, but rather by looking for their footprint as modifiers of previously identified genes, using the existing network structure as our guide (e.g. Letovsky & Kasif 2003; Tong et al. 2004) . One concern with protein network connectivity studies is that there is a substantial false-positive rate in measures of protein-protein interactions, perhaps as high as 50% (von Mering et al. 2002; Sprinzak et al. 2003) . These high error rates will add substantial noise to any study, but are unlikely to bias the results presented here. Given the high error variance, the findings are all the more striking. In addition, proteins associated with ageing may appear to have higher connectivity if they tend to be associated with some third, unexamined trait that leads to higher connectivity. I tested the possibility that proteins associated with senescence may have had higher connectivity as a result of being disproportionately found in the nucleus (Yu et al. 2004 ), where connectivity is higher. In fact, these proteins were found equally inside and outside of the nucleus, and within each location I continued to see higher connectivity among proteins associated with senescence. Similarly, the effect of the evolutionary age on protein connectivity (Eisenberg & Levanon 2003) did not influence the patterns that I found here (D. E. L. Promislow, unpublished data).
Ultimately, we will need direct experimental tests to determine the specific mechanism-antagonistic pleiotropy, variation in the magnitude of mutational effects, or epistatic interactions-that accounts for the pattern I have observed here. Although the mechanism underlying my results remains to be determined, a useful prediction that arises from these results is simply that more highly connected proteins are more likely to be associated with ageing. For those looking to identify novel ageing genes, these results suggest that one should focus on proteins with relatively high connectivity and/or a high degree of pleiotropy.
There are additional ways in which a network perspective may inform the evolution of senescence. Recent studies have used network structure and function to predict pattern formation during early development (e.g. von Dassow et al. 2000; Salazar-Ciudad & Jernvall 2002; Albert & Othmer 2003) , and to explain why networks are robust to damage (Albert et al. 2000; Wagner 2000; Bergman & Siegal 2003) . From the perspective of the biology of senescence, we may benefit from a shift in focus from how networks function to how they fail. Studies on network robustness have considered why some networks are less likely to fail than others (Albert et al. 2000) . However, we do not yet have an explicitly evolutionary theory of how network components evolve in biological systems, and how that evolutionary history may bear on the likelihood that specific components fail, even as the overall network continues to function reasonably well. Once we have identified the critical components within a network that play a central role in the ageing process, we can then concentrate our energy on identifying the genes or proteins that are active in those components, and determine how best to extend the lifespan of those particular components of the network.
The model described here was motivated by theories for
APPENDIX A
Gene names and protein connectivity (k) for UV radiation sensitivity (Birrell et al. 2001) , cell size ( Jorgensen et al. 2002) , senescence (including both decreased and increased lifespan) (Kaeberlein et al. 2002) , cell cycle (Stevenson et al. 2001) , salt tolerance (de Jesus Ferreira et al. 2001) and DNA silencing (Smith et al. 1999) . YDR156W  1  YAL021C  28  YBL103C  3  YCR066W  4  YDR457W  2  YBR275C  2  YDL042C  20  YDL059C  30  YER020W  12  YDL022W  1  YDR110W  10  YDL101C  28  YGL003C  6  YDR217C  4  YDR293C  3  YDR004W  1  YGL016W  3  YDR227W  11  YER020W  12  YDR076W  4  YGR111W  1  YDR422C  8  YGL178W  4  YDR217C  4  YHL011C  3  YDR477W  25  YHL003C  2  YDR386W  34  YHR034C  2  YER095W  41  YIL053W  5  YDR419W  1  YHR066W  48  YER111C  3  YJL005W  14  YEL037C  28  YHR158C  9  YGL208W  7  YJL194W  4  YER095W  41  YJL187C  10  YGR132C  1  YKL109W  3  YER162C  4  YKR020W  3  YHR008C  2  YLR310C  11 (Continued.)
Proc. R. Soc. Lond. B (2004) the evolution of senescence, but it also explained patterns seen in cell cycle mutants. The similarity in pattern between these two traits is not surprising, given that in yeast, the timing of the cell cycle is inextricably tied to replicative senescence (Gershon & Gershon 2000) . Perhaps proteins associated with senescence have high connectivity simply because many of the known ageing mutants are also cell cycle mutants. Analysis of the ageing mutants by using Funspec (http://funspec.med.utoronto. ca) shows that the 'cell cycle' functional categorization is highly over-represented among proteins associated with replicative senescence (22 out of 38 proteins, p Ͻ 3.52 × 10
Ϫ13
). The functional relationship between cellular senescence and senescence at the organismal or demographic level remains a matter of debate (Hornsby 2002) . As protein network data are now becoming available for multicellular organisms such as flies (see Giot et al. 2003) and nematode worms (see Li et al. 2004) , we should be able to employ techniques similar to those used here to determine whether the relationship between connectivity and ageing mutations exists independent of any relationship between genes that effect senescence and those that effect cell division.
Although further work may be needed to determine just why we observe the striking pattern seen here for genes associated with replicative senescence, results from this study suggest a way to integrate evolutionary and molecular models of senescence, and may help to guide the search for additional genes that influence longevity. 1  YBR221C  27  YMR142C  42  YGL019W  24  YJR140C  3  YCL011C  30  YMR186W  12  YGL020C  1  YMR263W  3  YCL028W  15  YMR273C  16  YGL060W  3  YNL102W  6  YDL084W  3  YMR308C  62  YGL061C  5  YNL330C  45  YDL134C  15  YNL061W  66  YGR102C  2  YOL006C  11  YDL137W  22  YNL076W  1  YIL034C  6  YOR217W  3  YDL155W  4  YNL126W  5  YJL102W  1  YDL192W  7  YNL141W  1  YJL165C  1  YDR002W  4  YNL233W  4  YKL182W  18  YDR113C  4  YOR063W  50  YLR295C  7  YDR381W  16  YOR212W  20  YLR399C  6  YEL009C  3  YOR232W  13  YLR417W  2  YER016W  8  YOR326W  26  YML006C  3  YFL005W  4  YPL020C  1  YML057W  10  YFL010C  2  YPL078C  5  YNL307C  6  YFL037W  44  YPL127C  2  YNR029C  2  YFL039C  35  YPL145C  1  YOR039W  35  YFR028C  25  YPL203W  9  YOR181W  29  YGL003C  6  YPR119W  12  YOR275C  3  YGL116W  9  YPR029C  4  YGL190C  45  YPR032W  3  YGR082W  1  YGR162W  59  YHR086W  37  YHR129C  6  YJL164C  8  YJR053W  5  YKL009W  6  YKL042W  1  YKL148C  1  YKL193C  17  YKL195W  1  YKR002W  28  YLR026C  6  YLR153C  4  YLR167W  1  YLR176C 19
